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Abstract. The Yerba Mate quality is defined by estimating the product 
moisture content. This value allows adjusting the production system, by 
controlling the stake of the dryer to ensure the product quality. Currently this 
process is done manually. However, this paper presents a first approach method 
to estimate the moisture contents of Yerba Mate leaves through image 
processing techniques. The output of the proposed system is established by a 
neural network MLPBP, which quantifies the level of moisture for a given 
sample. Also present the results of applying the proposed method to a set of 55 
samples collected in a Yerba Mate production establishment. 
Keywords: Yerba Mate moisture quantization, image processing, artificial 
neural networks.  
1 Introduction 
The production process of Yerba Mate (Ilex paraguariensis Saint Hilaire) includes 
two main stages: the harvest and processing. The processing consists transferring the 
raw material, pre-drying, drying, “canchado”, grinding and packaging [1]. 
The pre-drying, also known as “sapeco”, is intended to remove moisture content as 
much as possible to the raw material for a short time. During this stage, the material is 
subjected to wood combustion gases reaching temperatures of 400-550° C. This 
process is made using a rotary cylinder (Fig. 1 a). The pre-drying time varies from 2 
to 4 minutes and the gases temperature can reach 250° C. 
The fire control (Fig. 1 b) is permanent and must be performed by trained 
personnel to ensure a continuous and uniform flame. This procedure defines the 
evolution of the product. The goal is to generate an enzyme inactivation, loss of 
moisture of approximately 40 to 60%, and rupture of vesicles, by achieving high 
temperatures in a very short time.  
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Fig. 1. a) Lateral view of pre-dryer, b) pre-dryer stake.  
Currently, the moisture content analysis at the pre-dryer output is performed 
manually. An expert determines the correct temperature level based on their 
experience. 
Since the last decades a large number of industries are incorporating vision systems 
that allow them to solve particular problems in their production lines and increase 
product quality. These systems can automate complex processes and avoids need for 
workers in hazardous environments. Vision systems used in the industry are called 
Machine Vision. 
Machine Vision systems are used in several application areas and the literature of 
implementations of these systems is extensive. These systems can be found in: the 
semiconductor industry (LED wafer inspection [2], surface inspection of copper strips 
[3], BGA weld inspection [4]), industrial production lines (inspection of sheets Wood 
veneer [5]), food production lines (inspection and counting in baking lines [6], fault 
detection in recycled bottles [7], classification and quality assessment sheet snuff [8] 
classification of olives [9]) and automotive (parts inspection compression [10]), 
among others. 
In Yerba Mate industry, the quality of production is affected by the availability of 
the expert. The expert is also working in a hazard environment (exposed to elevated 
temperatures). Both problems may be soluble implementing an automatic inspection 
system to quantify the moisture level of raw material at the pre-dryer output. 
Several studies determine the level of chlorophyll in wheat [11] and barley leaves 
[12] from optical analysis using conventional cameras. Based on the conditions of the 
problem and the feasibility of a solution with this background, this work present a 
method for automatic quantification of moisture in the leaves of Yerba Mate at pre-
dryer output using digital images. The moisture level estimating is performed through 
a neural network multilayer perceptron with backpropagation (MLPBP). This work 
tries to simplify costs from a previous hydric stress detection system [13] based on an 
NDVI sensor.   
Section 2 presents the proposed method for determining the moisture level in the 
leaves of Yerba Mate. Section 3 the experimental results of applying the method and 
finally section 4 the conclusions and further work.  
2 Proposed Method 
The proposed method was implemented taking samples of Yerba Mate leaves at 
pre-dryer output. Some samples were taken from the pre-dryer input too, for 
increasing the knowledge base. 
The digitization of the samples was performed using a scanner (Fig. 2). This device 
provides a controlled environment in terms of lighting conditions, and is a 
standardized method for image capturing. Additionally, the scanner can be applied to 
the type of product to be analyzed. 
 
 
Fig. 2. Digital image acquisition of Yerba Mate leaves using a scanner.  
The samples, after being digitized, were placed in hermetically sealed vacuum bags 
for laboratory analysis. The laboratory analysis involved the use of an oven at 103 º C 
± 2 ° C for 6 hours. The method performed allows obtaining the precise value of 
moisture content for each sample. 
The data collection process was repeated 55 times in 5 days in two Yerba Mate 
productions establishments: "Playadito" in Colonia Liebig, province of Corrientes, 
and COOYAL, Apóstoles, Misiones. 
Figure 3 presents a set of images obtained from the capture process, for different 
moisture levels. 
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Fig. 3. Captured images with moisture contents in leaves of: a) 22,21%, b) 23,65%, c) 24,57%, 
d) 27,77%, e) 30,95%, y f) 61,7%.  
The information obtained (digital images and real values of moisture contents), are 
input to the moisture estimation system. The system performs a segmentation of 
digital images, extracts the features which describe each of the samples and performs 
the moisture value estimation. The estimation takes into account the value determined 
in laboratory analysis for a particular sample. These steps are exploded in greater 
detail in the following sections. Figure 4 shows a block diagram of the system.  
 
 
 
Fig. 4. Block diagram of the system, containing the processes of sample acquisition, digital 
image capture and laboratory analysis.  
2.1 Image Segmentation 
The image segmentation stage porpoise is to extract objects for analysis. In this 
case the objects to be analyzed are the Yerba Mate leaves. The images were 
decomposed into its three color components (RGB), taking in account only the green 
information. Previous analyzes performed showed that both blue and red components 
presents lack of information. Furthermore, this action allows an information volume 
reduction, eliminating irrelevant information, and consequently decreases the system 
response time. 
Each of the scanned images was processed using a simple threshold, described in 
equation (1). 
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Where g(x, y) is the green component value at point (x, y) of the image, and t a 
threshold valued empirically established at 0.5. The Figure 5 shows the results of the 
segmentation process for the set of images presented above. 
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Fig. 5. Image segmentation for leaves with moisture level of: a) 22,21%, b) 23,65%, c) 24,57%, 
d) 27,77%, e) 30,95%, y f) 61,7%. 
 
2.2 Feature Extraction 
The 8 bit depth images generated by the segmentation stage are used to generate a 
histogram of intensity values grouped by 4. Histograms of 32 components values are 
obtained associated with each of the images. The histograms were normalized for 
generating a feature vector according to equation (2).  
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Where h(i) is the histogram value at i-th position, M the number of pixels with 
significant information and fv(j) the value of the feature vector at j-th position. Values 
between 1 and 8 were discarded from the feature vector due to lack of information in 
all cases. 
A preliminary analysis showed that this indicator can be used for classification of 
samples. The following figure shows the results obtained in the comparison of four 
samples, wherein it is noted that the curves of the samples with higher moisture levels 
are skewed to the left. 
0.00
0.02
0.04
0.06
0.08
0.10
0.12
0.14
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
61.70%
20.59%
30.95%
36.32%
fv position
fv value
 
Fig. 6. Feature vector comparison for samples with several levels of moisture contents. 
Thus, this vector is chosen as the feature vector, and is applied to each of the 
resulting images of the segmentation process. Figure 7 shows a graphical 
representation of the feature vectors determined from the segmented images with 
different values of moisture content.  
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Fig. 7. Feature vector graphical representations for samples with moisture level of: a) 22,21%,   
b) 23,65%, c) 24,57%, d) 27,77%, e) 30,95%, y f) 61,7%.  
2.3 Moisture Estimation 
In literature, many works can predict the level of chlorophyll content in leaves [14] 
or the level of hydrogen [15][16]. These works use artificial neural networks 
multilayer perceptron with backpropagation training (MLPBP). MLPBP networks can 
be applied to nonlinear models with an acceptable error rate and avoid the need to 
model the problem adjusting to the solution through a training process. 
The backpropagation training is performed by comparing the estimated output with 
the laboratory-measured value. The difference between the two values is the error, 
and is used to adjust the weights of each of the neurons that contained in the network. 
The weights adjust are based on mathematical optimization techniques. This process 
runs in iterative mode over the entire training set to achieve a minimum overall error 
defined. 
Based on the background in using this technique to related problems, the output 
stage is implemented with an artificial neural network MLPBP, with Gaussian 
estimation function. The number of input neurons was 24 (one per component of the 
feature vector), 10 hidden neurons (determined empirically) and 1 output neuron. The 
output layer is the quantization moisture value estimated for a sample. The initial 
weights of the interconnections (or synapses) were established randomly.  
3 Experimental Results  
System assessment was made taken 12 samples randomly from total samples. This 
set was used for training the neural network. An overall error of 0.1 minimal training 
was set. The training required a total of 394 iterations to reach the minimum error 
constraint imposed. 
After the training process, the entire set of exemplars was evaluated. Figure 8 
shows the comparison between the obtained and expected results (measured in the 
laboratory) for each one of the samples. The samples in the representation are ordered 
according to the value of moisture expected to facilitate understanding of the results 
obtained. 
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Fig. 8. Expected and obtained values comparison applying the artificial neural network  
Analyzing the results, we observed that the correlation coefficient between the 
expected and obtained is 0.95, and the covariance has a value of 94.56. The neural 
network showed an average error of 0.54 for the sample set. This value is considered 
in the acceptable range of error output. However a high maximum error value 
(16.95%) was obtained. 
4 Conclusions y Further Works 
This paper presents a first approach method to estimate moisture contents of Yerba 
Mate leaves applying image processing techniques. Images were captured from a 
conventional device (scanner) and the results were satisfactory.  
While the maximum error output can be seen as a considerable error, this value is 
associated to a single sample with a moisture end value. This sample was not included 
in the training set (moisture content of 0.47%). The problem can be reduced by 
incorporating a greater number of samples to the training set with similar values of 
moisture content. Likewise the features of this sample differ from the others. In all 
digital images were analyzed Yerba Mate leaves, whereas in the above corresponds to 
the product obtained by grinding, with a high percentage of sticks. 
Moreover, there are fluctuations of the expected output with respect to the obtained 
values (± 5%). If the moisture quantification requires greater precision, others 
descriptors must be analyzed, for example those used by Pagola [12] or Kawashima 
[17]. 
Finally, the results obtained show that an optical solution is feasible for the 
problem presented. For accuracy increasing, an optimization of the techniques used 
can be performed, considering a more intense sampling and a parameters adjustment 
of the neural network (number of hidden neurons, learning factor, initial weights).  
Furthermore, the processing time for the whole system is reduced. The computation 
effort for image segmentation, feature extraction and estimation are simplex. This 
feature allows implementing a real-time quantization system, which can be the input 
for a future automatic control system for pre-dryer temperature.  
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